Objective This paper estimates productivity loss using the health of the patient in order to allow indirect estimation of these costs for inclusion in economic evaluation. Methods Data from two surveys of inpatients [Health outcomes data repository (HODaR) sample (n = 42,442) and health improvement and patient outcomes (HIPO) sample (n = 6046)] were used. The number of days off paid employment or normal activities (excluding paid employment) was modelled using the health of the patients measured by the EQ-5D, international classification of diseases (ICD) chapters, and other health and sociodemographic data. Two-part models (TPMs) and zero-inflated negative binomial (ZINB) models were identified as the most appropriate specifications, given large spikes at the minimum and maximum days for the dependent variable. Analysis was undertaken separately for the two datasets to account for differences in recall period and identification of those who were employed. Results Models were able to reflect the large spike at the minimum (zero days) but not the maximum, with TPMs doing slightly better than the ZINB model. The EQ-5D was negatively associated with days off employment and normal activities in both datasets, but ICD chapters only had statistically significant coefficients for some chapters in the HODaR.
Introduction
Economic evaluation combines information on costs and benefits to inform priority setting in health care and to inform decisions on the reimbursement of health care interventions. Costs are typically the direct costs of providing health care, but where a societal perspective is taken, then outcomes beyond the patients' health, as well as direct costs of health care, should be taken into account [1] .
Productivity refers to the economic output associated with both paid and unpaid work. The health of patients impacts on their ability to work, often resulting in either having to take time off work (absenteeism) or returning to work at reduced capacity causing productivity losses (presenteeism) [2] . In the UK, days off paid employment due to ill health are estimated to be 140 million working days per year, with costs to employers valued at £9 billion, while the government spends £13 billion on health-related welfare payments [3] . The inclusion of productivity costs can have a substantial impact on the results of an economic evaluation [4] , therefore these costs warrant consideration. The exclusion of productivity costs has often been justified based on supporting decision makers in the health sector whose objective is to maximise health, therefore non-health costs and outcomes need not be considered. However, it can be argued that exclusion of the wider economic costs and outcomes can lead to suboptimal resource allocation. From a welfarist perspective, inclusion of all costs and outcomes in economic evaluation would be the recommended approach where the objective is to maximise social welfare [5] . A societal perspective may also be preferred as it reflects decision making under a 'veil of ignorance', which would be more acceptable to members of the public who are not aware of which conditions will affect them in the future and therefore where the costs would fall [6] .
Productivity loss is typically measured using time off paid employment, time off unpaid employment, or time off usual activities due to ill health. For absenteeism, this can be selfreported by patients or objective data reported by employers [2] . Questionnaires such as the Health Labour Questionnaire [7] have been developed to ask participants about time off work or away from unpaid work over a specific period, e.g. the last 7 or 14 days. However, it can be difficult for respondents to separate leisure from unpaid work, and an alternative approach focusing on the time spent by others doing the work of the person who is ill has been advocated to minimise this problem [5] . Some productivity-loss questionnaires also include questions to measure presenteeism; however, where questions related to productivity have not been asked, estimating productivity loss may not be possible.
A potential solution to estimating productivity losses where productivity questions have not been asked is to predict them indirectly using health-related quality of life (HRQoL) measures used in cost-utility analysis such as the EQ-5D. Brouwer et al. [8] present a theoretical model of a U-shaped relationship between productivity loss and HRQoL that included periods of presenteeism before and after a period of absenteeism. Empirical studies support this relationship, with associations found between productivity loss and the EQ-5D, including the study by Lamers et al. [9] in patients with lower back pain, and the study by Bouwmans et al. [10] in patients with depression and anxiety for absenteeism, while Kawalec and Malinowski [11] found a negative association between the EQ-5D and presenteeism in patients with ankylosing spondylitis. Krol et al. [12] used a representative general Dutch population sample to collect data on the EQ-5D and productivity in order to develop models to predict productivity indirectly. Their results showed good external validity, although they were not based on actual time off paid employment but rather on hypothetical estimates made by the respondents on whether they would go to work given a particular EQ-5D state. Bouwmans et al. [10] found differences in the relationship based on whether patients had anxiety, depression or both, indicating that disease status may be important.
The aim of this current study was to model the relationship between the EQ-5D and productivity using a large mixed patient sample in order to allow for indirect estimation of productivity losses for inclusion in economic evaluation.
Methods

Data
This study used two alternative UK patient datasets: the health outcomes data repository (HODaR) and health improvement and patient outcomes (HIPO). Both datasets were from inpatients attending Cardiff and Vale National Health Service (NHS) Hospitals Trust, a large university hospital in South Wales, UK. HODaR data cover the period between 2002 and January 2009 [13] , while HIPO data were restricted to 2014.
The same data collection methodology was used in both datasets. Surveys were sent 6 weeks after discharge to all subjects aged 18 years or older. Those with a primary diagnosis of a psychological illness or learning disability on admission were excluded. The survey was linked to existing routine hospital health data to provide a dataset with sociodemographic, HRQoL and diagnosis data without any personal identifiers. Informed consent was obtained from survey participants, and both surveys were reviewed by Ethics Committees (Bro Taf Local Research Ethics Committee 02/4685 and National Research Ethics Service Committee North West Chester 12/NW/0535).
The HODaR reported employment status but this did not include whether the respondent was retired. Those who said they were employed or self-employed and aged 65 years and under (pre-retirement age) were selected to represent the employed group in the HODaR. The HIPO questionnaire was designed to ensure that employment status included 'retired' as a separate option.
Measures
Survey respondents were asked two single-item questions relating to employment and normal activities: ''How many days off have you had to take off paid employment due to your health …?'' and ''Other than paid employment, how many days have you had to spend away from your normal activities, e.g. gardening, housework, due to your health …?''. Recall was 6 weeks in the HODaR and 4 weeks (paid employment) and 1 week (normal activities) in HIPO. The revised recall period used in HIPO was designed to reduce recall bias so that health, as measured by the EQ-5D (which relates to health 'today'), would be more closely aligned to the health experienced during the recall period.
Health was measured using the self-reported EQ-5D, as well as primary diagnosis based on the international classification of diseases (ICD). The EQ-5D is a preferencebased HRQoL measure that has five dimensions: mobility, self-care, usual activities, pain/discomfort and anxiety/depression. There are two versions of the EQ-5D: the threelevel version, which has three severity levels (no/moderate and severe problems) for each dimension, and the more recently developed five-level version (includes mild and extreme), both with a recall period for 'today' [14, 15] . The three-level version has utility values elicited from the general population that range from -0.594 to 1 [16] , and the crosswalk algorithm was used to generate EQ-5D-3L utility values using the same valuation survey as the EQ-5D-5L [17] . The HODaR used the EQ-5D-3L, while HIPO used the EQ-5D-5L. The EQ-5D is the recommended HRQoL measure for health technology assessment (HTA) in England [18] and is widely used. It is therefore useful to use it as the basis for linking health to productivity losses.
The ICD 10th revision (ICD-10) [19] was used to record clinical diagnosis in the hospital. ICD classifications were recorded as primary (reason for admission) and secondary diagnoses in the hospital data, and these were linked to survey data along with routine data on surgical procedures.
Analysis
Descriptive statistics of sample characteristics across the samples used to estimate productivity losses were generated. Spearman's rank correlation between days off work/ normal activities and the EQ-5D was assessed. Regression analysis was used to estimate the relationship between HRQoL of patients and days off paid employment due to illness, as well as days off normal activities.
Explanatory Variables
The main explanatory variables included the EQ-5D utility score and ICD categories. Dummy variables were used to represent the different ICD groups (with Chapter 21 'Factors Influencing Health Status and Contact with Health Services' excluded as the reference), presence of comorbidities (at least one secondary diagnosis) and surgical procedures (operation) during the patient's most recent hospitalisation. Sex and age were also added to the models as these can be related to productivity.
Dependent Variables
The dependent variables were days off paid employment or days off normal activities, which are count data. In the HODaR, although the 6-week recall period gave a maximum of 42 days, some respondents reported up to 45 days; however, these were recoded to 42 days. In HIPO, the recall period was 4 weeks (maximum 28 days) for days off paid employment, or 1 week for days off normal activities. Very few respondents (1.8%) reported over 20 days in HIPO, therefore days above this number were recoded to 20. A large proportion of respondents in both datasets reported zero days off paid employment or zero days off normal activities. The spike at zero is usual in these type of data and is a reflection of the large number of people who do not need to take any days off. There were also spikes at the maximum number of days, as well as smaller spikes at multiples of 5 and 7 days, which potentially reflects a number of issues, including measurement errors and real phenomena. For example, when answering the question, people may have used a heuristic-based approach that was based on calendar weeks or working weeks. Alternatively, it may reflect individuals rounding off responses or may be due to behavioural factors that result in individuals taking whole, rather than partial, weeks off work when ill.
Models
Different count models can be used to assess the relationship between productivity and health. In a study examining the effect of health on informal care time, Rowen et al. [20] compared Poisson, negative binomial, two-part and zeroinflated negative binomial (ZINB) models where the explanatory variable was the number of days receiving care. Their study showed that the two-part model (TNB) and the ZINB model outperformed the others. Distribution of the number of days receiving care was similar to the number of days off paid work, with a large spike at zero, and a set maximum number of days with positively skewed data. Therefore, we focus on models able to deal with these two characteristics-TPMs (also known in the literature as hurdle models) and zero-inflated models. The distribution for positive counts was positively skewed, with a long tail, and the variance exceeded the mean, which was evidence of overdispersion. In parallel to the study by Rowen et al., we used negative binomial specifications for both.
Both the TPMs and the ZINB model are similar in that they can generate a large number of zeros; however, they differ in the way those zeros are generated. The TPM assumes that the zeros and the positive outcomes are generated by two completely different processes; zeros are a hurdle to overcome before positive counts can be attained. The ZINB assumes that the zeros can be the outcome of two processes due to two different groups of individuals. One group will always have a count of zero, never a positive count, while the second group might happen to have a zero count but there is a positive probability that the patient could have a positive count.
The TPM in this paper combines a binary probit model to predict the zeros, with a zero truncated negative binomial regression for the positive counts defined by Eqs. (1) and (2):
where z i is a vector of random variables that determine the probability of a zero in the data, c is the corresponding parameter vector and Pr y i jx i ð Þ is:
where CðÞ is the gamma function and a is the degree of dispersion. In Principle, the vector z i could be identical to x i . The expected counts for the TPM are found using the formula shown in Eq. (4):
The ZINB models can be estimated using either constant inflation or allowing inflation to be a function of explanatory variables. The ZINB model can be defined by the negative binomial in Eq. (5),
together with a logit model for the probability of group membership (Eq. 6):
The expected counts for the model are found using the formula shown in Eq. (7):
The models were assessed to identify which best fitted the data, based on the predictive performance of the models as well as the Akaike information criterion (AIC) [21] and the Schwarz Bayesian information criterion (BIC) [22] . To aid interpretation, marginal effects for the models are reported, and the model coefficients are reported in the Appendix. STATA version 12 (StataCorp LLC, College Station, TX, USA) was used for all statistical analyses.
Results
Descriptive Statistics
Mean EQ-5D utility scores were higher for those aged 65 years and under who were employed in both samples (0.730 and 0.795 in the HODaR and HIPO, respectively) compared with the full sample ( Table 1) . Mean age for employed respondents was lower than for the full samples (48.6 vs. 58.2 and 49.0 vs. 60.3 for the HODaR and HIPO, respectively). Approximately 50% of the samples were female and a majority had a comorbidity and had had an operation (Table 1) . Mean length of stay ranged from 1.5 days in HIPO to 4.5 days in the HODaR. However, despite selection based on being an inpatient, a large proportion (43% in the HODaR and 57% in HIPO) had less than a 1-day stay in hospital. Across the samples, the largest ICD chapters included those for neoplasms, diseases of the circulatory, digestive, musculoskeletal and genitourinary systems, and systems not classified elsewhere ( Table 1) .
The mean number of days off work was 8.5 in the HODaR and 9.10 in HIPO, while mean days off normal activities was 4.8 and 1.1, respectively, across the two samples ( Table 2 ). The majority reported zero days off work and normal activities ( Table 2 ). In the HODaR, there was a weak negative correlation between days off paid employment and the EQ-5D score q = -0.1222
There was little variation in mean days off paid employment for those with EQ-5D scores less than 1 in the HODaR, whereas, in HIPO, mean days off paid employment fell as EQ-5D scores increased ( Table 2 ). The correlation between EQ-5D scores and days off normal activities was stronger in the HODaR (q = -0.3668, p \ 0.001), with similar results in HIPO (q = -0.3378, p \ 0.001). Mean days off normal activities based on the EQ-5D score reflected these correlations in the HODaR, but slightly less so in HIPO (Table 2) .
Regression Results
Days Off Paid Employment
The AIC and BIC indicated that the ZINB with variable inflation (HODaR: AIC = 121,875, BIC = 122,129; HIPO: AIC = 7887, BIC = 8043) was slightly better than the ZINB with constant inflation (HODaR: AIC = 123,654, BIC = 123,876; HIPO: AIC = 8110, BIC = 8244), therefore only the former models are reported. In the HODaR and HIPO, both the TPM and the ZINB model well predicted the spike at zero for days off paid employment (Fig. 1) . The other spike was at the maximum (42 and 20 days, respectively), which was underpredicted. The TPM did slightly better at predicting the maximum number of days off paid employment, but this was still below the observed maximum number. The models either over-or underpredicted the number of days off for the number of days off paid employment greater than zero but less than the maximum (Fig. 1 ).
In the HODaR, Chapters 2 (neoplasms), 5 (mental health), 6 (nervous system), 9 (circulatory system), 13 (musculoskeletal), 17 (congenital malformations), and 19 (injury, poisoning, external causes) were statistically significant at the 10% level and were associated with more days off paid employment than Chapter 21 (Table 3) . Chapters 3 (diseases of the blood), 12 (skin and subcutaneous tissue) and 18 (symptoms not classified elsewhere) were statistically significant and were associated with fewer days off paid employment compared with Chapter 21 (Table 3) .
In contrast, very few of the ICD coefficients were statistically significant in HIPO, with the exception being in the first part of the TPM (Table 3) . Only coefficients for Chapters 3 (blood) and 8 (ear and mastoid) in HIPO were statistically significant for part 2 of the TPM and in the ZINB model, but coefficients were larger compared with coefficients for other variables, and may reflect the small samples for the ICD chapters (n = 20 and 19, respectively). Coefficients for ICD chapters in HIPO generally had the same sign as those in the HODaR, but the number of days off associated with each chapter varied by sample, which is expected given the different recall periods (Table 3) . Higher EQ-5D scores were associated with fewer days off paid employment in both the HODaR and HIPO, with a unit increase in the EQ-5D resulting in reduced days off work of 7-14 days, depending on the sample and model (Table 3) . Increasing age was associated with more days off paid employment (and a lower probability of reporting zero days off paid employment) and this was at a decreasing (increasing) rate (Table 3) . Female sex was associated with fewer days off paid employment, while, in the HODaR, having a comorbidity was associated with more days off. In HIPO, these data were not statistically significant apart from in the first part of the TPM (Table 3) . Having an operation was associated with more days off paid employment in HIPO but not in the HODaR. In the ZINB models, both the constant and variables (EQ-5D, age and female sex) were statistically significant in the HODaR, but age was not statistically significant in HIPO.
There were also differences in coefficient direction for the constant and female inflation variables in the two samples (Appendix Table 5 ).
Days off Normal Activities
As with the days off paid employment regressions, the ZINB with variable inflation regressions (HODaR: AIC = 261,909, BIC = 262,186; HIPO: AIC = 12,841, BIC = 13,028) were preferred to the ZINB with constant inflation (HODaR: AIC = 267,396, BIC = 267,637; HIPO: AIC = 13,434, BIC = 13,595), therefore the latter models were not reported. In the HODaR, predicted days off normal activities showed a similar pattern to days off paid employment. The TPM and the ZINB model predicted the spike at zero reasonably well but underpredicted the spike at 42 days (Fig. 2) . There was also under-and overprediction for days off normal activities greater than zero but less than the maximum. In HIPO, prediction of the spike at zero was also good for both the models; however, the TPM well predicted the spike at 7 days (7.18 vs. observed of 8.6). Although this was better than the ZINB model, overall there was overprediction in the TPM compared with observed days off normal activities.
More ICD chapters were statistically significant in the HODaR compared with HIPO in the days off normal activities regressions, with some similarities with which ICD chapters were statistically significant. In addition, in the HODaR, Chapters 2, 5, 9, 13, 17, and 19, along with Chapter 10 (respiratory system), were associated with more days off normal activities than Chapter 21 (Table 4 ). In addition, Chapters 7 (eye and adnexa) and 15 (pregnancy and childbirth) were associated with fewer days off normal activities in the HODaR. The number of days off normal activities associated with each ICD chapter was generally less than the number of days off paid employment, apart from Chapters 15 (pregnancy) and 17 (congenital mal/deformations). In HIPO, only Chapter 11 (digestive system) was statistically significant, and the number of days was less than 1 for all ICD chapters. Higher EQ-5D scores were associated with fewer days off normal activities in both samples (Table 4) , and this is the key parameter of interest. Age was statistically significant and positive but age squared was also positive in the ZINB model, indicating that days off normal activities increased at a higher rate as age increased. Having a comorbidity was associated with fewer days off normal activities in the ZINB model in contrast to more days off as seen for paid employment in the HODaR. The inflation variables in the HODaR and HIPO were statistically significant (Appendix Table 6 ).
Discussion
This paper presents regression analyses that enable the estimation of productivity losses associated with the health of the patient. Such an approach enables productivity loss data to be estimated indirectly for individual economic evaluations by allowing estimates to be derived from the EQ-5D data. HODaR Health outcomes data repository, HIPO health improvement and patient outcomes, TPM two-part model, ZINB zero-inflated negative binomial In terms of predictive performance, there was little to choose from between the TPM and the ZINB model, but the TPM did slightly better than the ZINB model when considering the prediction of the maximum days off either paid employment or normal activities; therefore, this model is recommended for use. The coeffecients for the recommended models are reported in Appendix Table 7 . The choice of which sample to use should be informed by the sample where results will be applied, although both datasets used in the analysis Further external validation is recommended to ascertain whether the TPM would work as well in other samples. This is important as, at the aggregate, the models used to estimate productivity loss were able to accurately predict the spike at zero but underpredicted the number of days off at the maximum in both samples. The only exception was predictions of days off normal activities in HIPO, the smaller sample; however, these predictions were associated with errors of overall overprediction, which would be amplified out-of-sample.
The relationship between the EQ-5D and productivity losses was consistent and significant, where a lower EQ-5D score meant higher productivity losses. This result is broadly similar to that reported by Krol et al. [12] , although the models were different. There were some differences in the coefficient sizes, particularly for paid employment in the ZINB variable inflation models, which may reflect differences in sample size and/or recall period. Some ICD chapters had statistically significant associations with productivity, mainly in the HODaR. Compared with the Krol et al. [12] model, the results presented here are based on real data and also account for different diseases as well as characteristics, such as the presence of a comorbidity or whether respondents have had an operation, which can be considered to have an impact on absenteeism. Furthermore, the results can also be used to predict days off normal activities in addition to days off work.
The results presented here enable productivity loss to be estimated using available data; however, it should be recognised that these are only predictions and are unlikely to be as accurate as collecting productivity data directly from respondents in studies. However, one advantage of this technique is that productivity loss can be estimated for studies retrospectively where this information was not collected. A further advantage is that the same methodology can be used to produce comparable estimates of productivity loss for all studies involving the EQ-5D. These comparable estimates can then be used to inform economic evaluation.
Limitations
This study used the EQ-5D score as the independent variable relating to health in order that the results could be applied to data that are commonly reported in economic evaluations; however, the correlations between the EQ-5D and days off work/normal activities were weak to moderate. This is a limitation to the approach where the EQ-5D is the key parameter of interest, but this was not the only parameter included in the models. Overall, the models had good predictive performance, apart from the maximum number of days off. Underprediction would underestimate the level of productivity loss, but this is likely to be for a small subsample (10% or less) based on the datasets used in this analysis.
Although the HODaR and HIPO data provided a large sample of patients with different conditions, there were limitations associated with these samples. Some conditions based on ICD codes had very small groups, which may limit applicability of results in these groups. Furthermore, the datasets did not include patients with a primary diagnosis on admission of a psychological illness or learning disability, therefore these estimates are not recommended for use in health interventions for these patients. The analysis was based on patients who had recently been hospitalised, and may be significantly different from other patient populations. In addition, all data were collected in the UK and hence may not be representative in countries with different payment compensation schemes for days off work. Therefore, the results may not be generalisable. While the EQ-5D has been used for all patients, it may not be an appropriate measure of health for all patient groups, and estimating productivity losses using EQ-5D data would also be inappropriate. A further related limitation of using the HODaR data is that retired individuals reported on past employment, which was addressed by excluding those who were above retirement age; however, this may not have captured everyone. Mean age for those who were employed in the HODaR and HIPO was 48.6 and 49.0 years, respectively, while EQ-5D scores were 0.730 and 0.795, respectively (note use of the EQ-5D-3L in the HODaR, and the EQ-5D-5L crosswalked to 3L in HIPO), which may indicate that the selected 'employed' sample in the HODaR was comparable in terms of age and health. However, as noted, correlation between health and days off paid employment was weak in the HODaR, suggesting that although summary statistics were similar, there was more variation in the HODaR, which may be as a result of individuals in the 'employed' sample who were not employed.
Spikes in the data where full weeks have been counted, e.g. 7, 14, etc., indicate that respondents were rounding off days, which may suggest some form of recall bias, although it may also reflect the number of days that patients are signed off from work. In the literature, recommended recall periods of 3 months for productivity have been suggested [2] , but evidence in the HODaR suggests that there is some bias over a longer period. In addition, HIPO finds less evidence of a spike at the maximum days off paid employment; however, shortening the recall period in HIPO may have resulted in underestimation of the number of days off work as it may have excluded the period immediately after discharge.
While this study provides a means to estimating the productivity losses associated with HRQoL in terms of predictions of days, the valuation of these losses can be challenging where there is no information on the type of work or usual activities that have not been undertaken. In addition, while our study included productivity losses outside paid employment, our productivity losses did not include presenteeism. Estimating these effects would require additional data collection.
Finally, this study used EQ-5D utility scores to enable productivity losses to be estimated; however, better specified relationships may be possible by using responses to the individual EQ-5D questions. Dixon et al. [23] used this approach when examining the impact of EQ-5D responses on carer time, and found that those models outperformed those using EQ-5D scores as the independent health variable. This may suggest that while the use of the EQ-5D score is a convenient approach to estimating production losses, more accurate estimates are possible.
Conclusions
Models to predict days off work and days off normal activities were estimated using large patient datasets. These allow productivity losses associated with HRQoL to be estimated for inclusion in economic evaluation using a wider societal perspective. These estimates of productivity losses can be obtained for a dataset including the EQ-5D of patients alongside sociodemographic characteristics. Employing the same methodology, informal care need can also be estimated using the models reported by Rowen et al. [20] . The use of large patient datasets in the estimation of the models reported here has the benefit that the models are based on HRQoL from a number of conditions. However, there are a number of limitations associated with each dataset used to model the relationship and further research is needed to address this.
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